Supplementary material for Spatial characterization of long-term hydrological change in the Arkavathy watershed adjacent to Bangalore, India 1 Remote sensing analysis
Remote-sensing images and supplementary data
Tracking water storage in the tanks at monthly or higher temporal resolution would be desirable, but is precluded because remotely sensed images from the monsoon season often contain large areas of cloud cover. This analysis therefore focuses on end-of-monsoon images from the months of December and January. We selected 48 Landsat images for classification, including 16 acceptable end-of-monsoon images from 1973 to 2010 ( Fig. S1 and Table  S1 for details) for analyzing long-term variability in tank water extent.
Scene use Long-term trend
Dry-season analysis Accuracy assessment Figure S1 : Landsat scenes classified in this study (N = 48) , with the year corresponding to the date on January 1. Decades are separated by dashed vertical lines using "monsoon year" (e.g., the January 1990 image is grouped with the 1980s because it corresponds to the 1989 monsoon year). Most Landsat images were downloaded from Earth Explorer (earthexplorer.usgs.gov), except for five images from 1986 through 1993, which were purchased from the National Remote Sensing Centre (NRSC, nrsc.gov.in). The 2014 Landsat imagery was used for remote-sensing validation and dry-season analysis, but was not included in the 1973-2010 study period. An image from the Land Imagery Scan Sensor (LISS-IV) was also purchased from NRSC and used for accuracy assessment. A shapefile of tank boundaries was obtained from the Karnataka State Remote Sensing Application Centre (KSRSAC, karnataka.gov.in/ksrsac) to aid in classification of water bodies. Topographic maps completed in the 1970s by the Survey of India (surveyofindia.gov.in) were manually georeferenced and used to verify tank boundaries at the beginning of the study period. Other supplementary datasets were obtained from NASA Reverb (reverb.echo.nasa.gov) and Directorate of Economics and Statistics (DES), Government of Karnataka as listed in Table S2 Table S2 : Data sources used in this paper.
NRSC images were manually georeferenced using reference points from the higher-resolution LISS image, with root mean squared error (RMSE) less than 0.5 pixels in all images. All Landsat images were cropped to the extent of the Arkavathy watershed and converted to top-of-atmosphere (TOA) reflectance (Chander et al., 2009) , which was used for training and classification of all images. Landsat 7 ETM+ scenes acquired after May 31, 2003 contained gaps due to a failure of the Scan Line Corrector (SLC) (Scaramuzza et al., 2005) . Although gap-filling techniques for the SLC error generally use successive images to fill missing pixels (e.g., Chen et al., 2011) , we used a single-image gap-filling approach because of the inherent temporal variability of tank water extent. We used pixels along the edge of the gap to fill missing pixels similar to Catts et al. (1985) but instead of interpolation, which would cause spectral homogenization in missing pixels, we repeated edge pixels towards the center of the gaps using using successive grayscale dilation (see Fig. S2 ). We used cloud-free images where possible, but in some years the only viable end-of-monsoon image contained some cloud cover. Cloud shadows were particularly troublesome because the spectral reflectance of land in a cloud shadow was often similar to that of water. We applied the fmask algorithm (Zhu and Woodcock, 2012) to identify clouds and cloud shadows, making minor modifications to improve the method for the Bangalore region as follows: (i) we included the filters from the automatic cloud cover assessment algorithm (ACCA, Irish, 2000) when determining the potential cloud pixels, which reduced false positives for clouds in urban areas, and (ii) we removed clouds whose height (determined with fmask) was an outlier. This approach was possible because the topography was relatively flat and the selected images contained only cumulus clouds which exhibit relatively consistent base height at the lifting condensation level (Craven et al., 2002) . Outliers were determined as clouds with a height less than H 25 − 1.5(H 75 − H 25 ) or greater than H 75 + 1.5(H 75 − H 25 ) where H 25 and H 75 are the first and third quartiles of cloud height and H 75 − H 25 is the interquartile range. This procedure helped prevent erroneous classification of cold, white land pixels as clouds and limited the potential for erroneous classification of water bodies as shadows (see Fig. S8 ). Figure S4 : Left, top: Timeseries of end-of-monsoon tank water extent with selected Landsat images. Left, bottom: end-of-monsoon water extent versus monsoon season precipitation (P total and P extreme ). Right: Landsat images (NIR-red-green mapped to red-green-blue) and corresponding classified water fraction. end-of-monsoon water extent versus monsoon season precipitation (P total and P extreme ). Right: Landsat images (NIR-red-green mapped to red-green-blue) and corresponding classified water fraction. Most subwatersheds do not exhibit a statistically significant trend in the rate of dry-season water loss (the confidence intervals include zero), but the Hesaraghatta and TG Halli subwatersheds exhibit a significant decreasing trend, meaning that tanks dry at a slower rate now than in the past.
Validation of classification method

Collinearity analysis
To check that the estimates of the model effects were not substantially affected by correlation among the covariates, we calculated the Generalized Variance Inflation Factor (GV IF 1/(2d f ) ) for each of the covariates (Fox and Monette, 1992) . This factor is analogous to √ V IF, which is the effect of collinearity on the confidence intervals of each covariate coefficient -it has a lower limit of 1 (no effect), and values less than 2 (a doubling of the confidence intervals) give reasonable assurance that multicollinearity does not greatly affect the confidence intervals (Fox, 2008) . This factor for the time (Year i ) predictor was calculated as GV IF 1/(2d f ) = 1.01, indicating that collinearity has a negligible effect on the estimation of B 1, j . Although multicollinearity among other variables was not a concern (we were most interested in confidence intervals around the non-precipitation-related time trend), the calculated index was nevertheless reasonable (GV IF 1/(2d f ) < 1.72) for all other variables. Precipitation trends were also computed independently for each watershed and tank cluster for the period of analysis, and their significance assessed using a non-parametric Mann-Kendall test. Start year (outer) End year (inner) Figure S9 : Map of daily precipitation gauges used in this study. For each post-monsoon Landsat scene, we calculated the P total and P extreme metrics at up to 62 rain gauges reporting daily rainfall, omitting gauges in which the period of record excluded the monsoon year for the Landsat image. We spatially interpolated the rainfall metrics throughout the entire watershed using the inverse distance squared method, and calculated the spatial average for each tank cluster. Figure S10: Annual precipitation in the Arkavathy watershed over the course of the study period, as an average of annual precipitation from the 62 rain gauges. Mean annual precipitation is 820 mm, with a standard deviation of 180 mm. There is no statistically significant trend in precipitation when considering precipitation from all years, nor is there is a statistically significant trend when considering only the years from the the analysis (in both cases, the 95% confidence interval of the trend includes zero). Figure S11 : Total precipitation metric (P total,i j ) as calculated for each tank cluster and year over the study period. None of precipitation timeseries exhibited a statistically significant trend over time, as shown by the Mann-Kendall p-values in each plot (>0.05 in call cases). The extreme precipitation metric (P extreme,i j ) similarly did not exhibit any statistically significant trends in any of the clusters. Figure S12 : Quantile-quantile plot of residuals from multiple regression, with residuals normalized by mean and standard deviation and plotted against a theoretical normal distribution.
Figure S13: Subwatershed names and cluster IDs used in the multiple regression. These identifiers are needed to associate the results in Table S3 with their spatial locations, shown in this figure. The Manchanabele and Harobele subwatersheds here are named for reservoirs within the watershed, which are not located at the subwatershed outlet. Table S3 : Results from the multiple regression (Equation 1) for all varibles. The effects that apply at the subwatershed level are reported as directly output from the model. The temporal trend of each cluster is reported as a percent change in water extent per year, relative to the max water extent for the cluster (last column), which is the sum of the maximum extent of all tanks within each cluster. The SS column indicates whether or not the predictor coefficient is statistically significant. To convert the estimates of B 1, j to ha per decade per 10 km 2 of catchment (as in Figs. 5 & S16), the coefficient estimate was multiplied by the max cluster extent and divided by the watershed area.
4 Hydrological trends and agricultural land use Fig. S13 ). Both categories of land use are negatively correlated with the the temporal trend parameter, B 1, j .
